Abstract-Scanning electron microscopy (SEM) resolution is limited by many factors that include sample specific properties, microscope stability, noise, the three dimensional nature of the sample and the excitation volume, and the spatial distribution of electrons in the probe known as the point spread function (PSF). If all, but the latter are optimized, the loss of resolution is principally due to blurring by the convolution of the PSF with the structure of interest. Image resolution can then be increased by deconvolution combined with the mathematical process known as regularization. To accomplish this task, a novel high resolution semi-blind image restoration technique incorporating hybrid L1 and L2 regularization terms has been developed. The original optimization is divided into the efficient solution of three subproblems, and has been validated with a variety of actual SEM images.
I. INTRODUCTION
It is well recognized that a scanning electron microscope (SEM) image is a pixel by pixel map of the sample indicating the spatial distribution of the intensity of a selected electron beam induced signal as the beam is rastered over the sample. Various factors determine the achievable spatial resolution of any SEM image including sample specific properties, microscope stability, noise, the three dimensional nature of the sample and the excitation volume, and the spatial distribution of electrons in the probe known as the point spread function (PSF).
Based on the fact that a numerical approach to improve the SEM resolution can be more efficient and practical than improving the hardware, researchers have used various image processing methods to improve SEM image resolution [1] . The classical approach uses the Richardson-Lucy (RL) method [2] . Despite of the simplicity of the implementation of RL method, the RL-based methods suffers a slow convergent rate and significant amount of image artifacts.
An alternative approach is to formulate the process of SEM imaging a spatial convolution problem [3] , [4] , [5] . Hence, the image resolution can then be increased by deconvolution combined with the mathematical process known as regularization. A detailed description of the convolution process for SEM image deconvolution can be found in Lifshin (2014) [3] . In that study a variety of examples were presented showing the use of Tikhonov regularization to improve spatial resolution for multiple image sets of the same area in which the PSF was altered for each image to ensure that the number of equations available to solve the deconvolution problem was sufficient to obtain a unique solution. The results presented clearly showed improvements in resolution, but suffered from two limitations that if minimized would make the method more generally useful. The first problem was that various artifacts were found in the images when compared to high resolution images of the same area. They included mottling (a course grained random intensity variation) on what should be relatively smooth surfaces and banding parallel to certain sharp edges. The second problem was the added time and computational complexity associated with collecting and aligning multiple images, often requiring tens of minutes of computer time even with parallalization in a multi-core computer environment.
The current study describes an effective SEM restoration technique using a novel hybrid regularization method that combines Tikhonov regularization and total variation (TV) regularization methods. This novel iterative restoration algorithm which both preserves edges and improves resolution has two main features. First, is the use of a hybrid regularization term consisting of both L 1 and L 2 regularization terms, which yields much higher efficiency than using only TV regularization. Secondly, the method decouples the restoration problem into three subproblems and each one having its own distinct physical meaning and computationally easy to solve.
We employ our new semi-blind restoration to series of experiments and yield high quality restored SEM images. These experiments involve taking a pair of images of the same area on sample using a reference microscope and an observation microscope. We demonstrate the effectiveness of our new restoration algorithm by producing higher resolution images from beam blurred images taken at high magnification in a thermionic source microscope.
II. THEORY AND METHOD
A. Scanning Electron Microscope Figure 1 is an illustration of electron beam interacting with specimen. The center of the electron beam is focused on the specimen pixel I(i, j), while the diameter of the probe is d p . At low magnifications the probe is smaller than the pixel size (given by the step size between adjacent pixels), but at higher magnifications the probe is larger than the specimen pixel size as indicated by the red circle. Therefore, the detected signals is actually a weighted summed values of all the pixels covered by the probe (the PSF). Denoting the actual observed signal intensity on a display as, I (x, y), we can pose the relationship between the actual amount of signal, I(x, y) and the observed, I (x, y) as,
where psf is the point spread function, k is the additive noise during the imaging process and the operator ⊗ means the spatial convolution. Using notation similar to Lifshin (2014) [3] , Eq. (1) in a matrix-vector formulation is posed,
where I c , I t , and k represent the lexicographically ordered vectors of the quantities I (x, y), I(x, y), and k(x, y), respectively, and A is the 2-D matrix representation of the PSF spatial function psf (x, y). Therefore, the forward problem of SEM imaging in Eq. (2) is provided.
B. Scanning Electron Microscope Image Restoration
The inverse problem of the aforementioned SEM imaging in Eq. (2) is to remove the PSF function from a given image, which can be posed as a least-squares fit mathematically,
In order to alleviate the ill-posedness, the regularization technique is applied to Eq. (3). The general formulation of least-squares restoration with a regularization term can be posed as,
where the term of R(I t ) is the regularization term and the parameter λ is the regularization parameter. Tikhonov regularization and total-variation (TV) regularization are the most commonly used [6] , [7] . The Tikhonov regularization is defined as,
where the matrix H is usually defined as a high-pass filtering operator, or an identity matrix. The TV regularization is defined as,
where (∇ x I t ) i,j = (I t ) i+1,j − (I t ) i,j and (∇ y I t ) i,j = (I t ) i,j+1 − (I t ) i,j are the spatial derivatives at a spatial grid point (i, j) in a Cartesian coordinate (x, y).
Lifshin (2014) [3] , shows that the restoration method using Tikhonov regularization in Eq. (5) can introduce various artifacts in the resulting SEM images; while a direct restoration method for SEM imaging using the TV regularization term in Eq. (6) can be numerical instable [8] . Therefore, a novel SEM imaging technique is developed with hybrid L 1 -L 2 regularization.
The hybrid L 1 -L 2 regularization method has been employed in different applications areas: image analysis [9] , material science [10] , and medical imaging [11] , etc. In this study, we apply it to the SEM imaging. The semi-blind SEM imaging technique with hybrid L 1 -L 2 regularization is given below:
where u t is an auxiliary variable, and λ, µ and η are all regularization parameters.
Notice that there are three variables in the above optimization problem in Eq. (7), therefore an alternating-direction minimization method to solve for the three independent variables is employed, which leads to three subproblems :
The above three subproblems have distinct physical meanings. Eq. (8) solves for the variable A, which is the process of the PSF function estimation. Eq. (9) solves for the variable I t using a conventional SEM imaging with a Tikhonov regularization, therefore artifacts due to the ill-posedness of the inverse problem may be suppressed. Eq. (10) is a typical TV-denoising problem, therefore the auxiliary variable u t becomes a TV-denoised result of I t with the object edges sharpen. Therefore, the interleaving of solving these three subproblems leads to a restoration that not only improves the minimization of the data misfit, but also enhances the sharpness of object edges. Corresponding to the three subproblems from Eq. (8) to (10), the computational methods also consist of three parts: one solving the subproblem in Eq. (8), one solving the subproblem in Eq. (9), and one solving the subproblem in Eq. (10) . By solving all three subproblems from Eq. (8) to (10) respectively, a sequence of iterations are generated, that converges on the restoration result,
The determination of the initial estimate of the PSF, A (0) , is done by solving Eq. (8) where the signal collected is so large as to assume that k (the noise is negligible). A known reference standard is first imaged with pixel level resolution (i.e. I (x, y) = I(x, y)). Then the same region is imaged under the actual observation conditions to be used where the probe size is larger that the specimen pixel size. The two images are then aligned and Eq. (8) is solved for A, which is then converted to give a PSF function.
The subproblem in Eq. (9) is a canonical SEM imaging with Tikhonov regularization. It is rewritten equivalently in terms of a linear system,
Depending on the size of the image, iterative methods such as conjugate gradient (CG) [12] can be used to solve Eq. (11) in the time domain, or Fourier transform can be applied to both sides of Eq. (11) and employed to solve the same problem in the frequency domain. The subproblem in Eq. (10) is a typical L 2 -TV denoising problem [13] , [14] . Many numerical methods have been developed to solve this problem [8] . In this work, the split-Bregman (SB) iterative method is employed due to its robustness and simplicity [15] .
Therefore, the computational methods is summarized in Alg. 1 for solving the new hybrid method in Eq. (7). In Alg. 1, the computational methods have distinct meanings for solving three subproblems from Eq. (8) to (10) : the PSF estimation is obtained as "Step 2", then an image deconvolution is implemented as in "Step 5", and at "Step 6", the deconvolved image is further denoised while preserved its edges.
Algorithm 1 Computational Methods for Solving Eq. (7)
Input:
Solve Eq. (8) Solve Eq. (10) for u (k) using SB iterative method [15] ; 6: k ← k + 1; 7: end while
IV. EXPERIMENTAL RESULTS
To demonstrate the capabilities of our new SEM restoration algorithm, a series of experiments were conducted. These experiments involve taking a pair of images of the same area on sample using a reference microscope and an observation microscope. The "reference microscope" is a defined as the instrument that is capable of high resolution that can obtain images with probe size smaller than the pixel size . The "observation microscope" has probe size bigger than the pixel size. Images obtained using the reference microscope and observation microscope will be referred to as the "reference" and "observed" images, respectively.
Pixel level resolution implies that each pixel in the reference image displays unique information. That is to say that there is no overlap of the electron beam into adjacent sample pixels as the beam scans from point to point across the sampling area. This condition is met when the SEM magnification (M ) is chosen such that the sample pixel size ( using a TESCAN VEGA LaB6 source SEM as the observation microscope and a TESCAN MIRA Schottky source instrument as the reference microscope. The reference sample used was a Pela 617-4 gold particle on carbon standard. The sample was first imaged in the reference microscope and then moved to the observation microscope.
A. Experiment 1: Gold on carbon Pela standard 617-4
In our first experiment, we scan the Gold on carbon Pela standard 617-4. Figures 3a and 3c show the images obtained in the observation and reference microscopes. We calculate the initial PSF using method in Lifshin (2014) [3] , and Kandel (2015) [16] . The resulting PSF is shown in Fig. 2 . The restored SEM image using our hybrid restoration method is provided in Fig. 3b . Comparing our result to the reference image in Fig. 3c , our algorithm clearly yields a significantly improved resolution.
B. Experiment 2: Tin Ball Standard Pela 620-a
Our second experiment is to restore an image taken of a tin ball standard Pela 620-a taken in the observation microscope under the same operating conditions. Maintaining identical operating conditions between observed images creates a situation in which it is unnecessary to re-determine the PSF. Figure 4a is the image obtained with the observation microscope and Fig. 4c is of the same area with the reference microscope taken for comparison purposes. The restored image is given in Fig. 4b . Again visually our restored SEM image is much better resolved comparing to the reference image. 
C. Discussion
We employ the contrast transfer function (CTF) to justify the resolution improvement. When the CTF plot for the restored image shifts to the right relative to the image obtained with the observation microscope, then it indicates improved performance. Figures. 3d and 4d are the CTF plots to each group of images. The contrast for every feature size in the restored image is shifted to the right relative to the observed image thereby approaching the CTF curve for the reference image. This indicates improved image quality and resolution. Furthermore, a significant decrease in a common image artifact that is known as "mottling" which appeared in high resolution restored images based on Tikhonov regularization found in Lifshin (2014) [3] .
V. CONCLUSION
A new semi-blind restoration algorithm using hybrid L 1 and L 2 regularization to improve the SEM image resolution is developed. It employs an alternating-direction optimization method to solve the minimization problem. It has been clearly demonstrated that the effectiveness of the new restoration algorithm by producing higher resolution images from beam blurred images taken at high magnification in a thermionic source microscope.
